The Adelson-Bergen energy model (Adelson, E. H., & Bergen, J. R. (1985) . Spatiotemporal energy models for the perception of motion. Journal of the Optical Society of America A, 2, 284 -299) is a standard framework for understanding first-order motion processing. The opponent energy for a given input is calculated by subtracting one directional energy measure (E L ) from its opposite (E R ), and its sign indicates the direction of motion of the input. Our observers viewed a dynamic sequence of gratings (1 c/deg) equivalent to the sum of two gratings moving in opposite directions with different contrasts. The ratio of contrasts was varied across trials. We found that opponent energy was a very poor predictor of direction discrimination performance. Heeger (1992). Normalization of cell responses in cat striate cortex. Visual Neuroscience, 9, 181 -197) has suggested that divisive inhibition amongst striate cells requires a contrast gain control in the energy model. A new metric can be formulated in the spirit of Heeger's model by normalising the opponent energy (E L −E R ) with flicker energy, the sum of the directional motion energies (E L + E R ). This new measure, motion contrast (E L −E R )/(E L + E R ), was found to be a good predictor of direction discrimination performance over a wide range of contrast levels, but opponent energy was not. Discrimination thresholds expressed as motion contrast were around 0.5 90.1 for the sampled drifting gratings used in our experiments. We show that the dependence on motion contrast, and the threshold of about 0.5, can be predicted by a modified opponent energy model based on current knowledge of the response functions and response variance of cortical cells.
Introduction
Motion in an image sequence can be characterised by the orientation of contours in a space -time plot of image intensity. This has led to proposals that motionsensing filters respond directly to oriented spatiotemporal energy. Such detectors are the basic building blocks of energy models of motion, which have been extremely influential over the last decade (e.g. Wilson, Ferrera & Yo, 1992; Qian, Andersen & Adelson, 1994; Smith, 1994; Wilson, 1994a,b) . The Adelson and Bergen (1985) energy model, sketched in Fig. 1 , is representative of such motion models. Quadrature pairs of linear, spatial frequency tuned filters are applied to the time-varying input, I (x, t) , by convolving it with two spatial impulse responses (receptive fields; f 1 , f 2 ) which differ in either phase or position (Fig. 1i) , and then convolving with two temporal functions (h 1 , h 2 ), one of which is delayed relative to the other (Fig. 1ii) . These filtering processes result in four spatio-temporally separable responses (A, A%, B and B%), each one a function of space and time, which are then added or subtracted to create directionally selective responses (Fig. 1iii) . These responses are then squared (Fig. 1iv ) and summed ( Fig. 1v) , giving the motion energy (E L , E R ) in leftward and rightward directions. The final stage (Fig. 1vi ) subtracts one of these two directional motion energies from the other to give the opponent energy (E L − E R ) of the input. Direction of motion is given by the sign of the opponent energy.
Physiological evidence supports the motion energy model of Fig. 1 in several ways: some simple cells in cat visual cortex have the linear, space-time separable responses (A, A%, B and B%) of the energy model (Pollen & Ronner, 1981) ; other simple cells are inseparable and their velocity tuning can be deduced from the space-time orientation of their receptive fields McLean, Raab & Palmer, 1994) ; direction-selective complex cells in cat cortex behave very much like the motion energy stage (Fig. 1v ) of the model (Emerson, Bergen & Adelson, 1992) .
In this paper we derive some psychophysical predictions from the energy model in relation to direction discrimination for image sequences that contain significant, but unequal, motion energy in opposite directions. We find that discrimination performance does not depend in any simple way on (E L −E R ), but is closely related to motion contrast defined as (
We constructed grating image sequences that had motion energy in both leftward and rightward directions, and asked what predictions the energy model might make about direction discrimination for such composite stimuli. Let us begin with a simple, drifting sinusoidal grating. If a drifting grating L(x, t) has spatial frequency u, temporal frequency w, contrast m, and mean luminance L 0 then:
It can be re-described as the sum of two counterphase gratings, temporally and spatially interleaved:
This is the sum of two sinusoidally flickering gratings 90°out of phase in space and time. Now let these two gratings have different contrasts m 0 , m 1 , to give a space-time image I(x, t), dropping the d.c. (L 0 ) component for clarity:
Elementary trigonometry reveals that I(x, t) is also the sum of two gratings drifting in opposite directions with different contrasts. That is:
where c 0 = (m 0 + m 1 )/2, c 1 = (m 0 − m 1 )/2, m 0 = (c 0 +c 1 ) and m 1 = (c 0 − c 1 ). Because it contains motion energy in both directions, this space-time image sequence should be useful in testing the notion of opponent energy psychophysically. Note that setting m 0 = m 1 = m gives the simple drifting grating (Eq. (1)) as a special case. In Appendix A we derive expressions for the leftward (E L ) and rightward (E R ) motion energies of the Adelson-Bergen model in response to I(x, t), and also the opponent energy (M=E L − E R ) and the flicker energy (F =E L + E R ). The key results (from Eq. (A13) and A17) are:
where S is the gain of the spatiotemporal filters at (u, w), and
Finally, we define motion contrast C m by analogy with the Michelson formula for luminance contrast, as:
From Eq. (5), Eq. (6) and Eq. (7) it follows that
where r= m 0 /m 1 . Thus opponent energy Eq. (5) increases in proportion to the product of contrasts m 0 · m 1 , but motion contrast Eq. (8) depends only on the luminance contrast ratio m 0 /m 1 and is independent of overall contrast energy. To test whether opponent energy and/or motion contrast were useful predictors of direction discrimination performance, we had observers judge the direction of motion for sequences of the type shown in Fig. 2 , corresponding to the function I(x, t) (Eq. (3) or Eq. (4)) temporally sampled at 90°intervals of phase. The task can be thought of as detecting movement in the presence of flicker, or as discriminating which of two superimposed moving gratings has the greater motion energy. The results indicate that direction is discriminated best when all the frames of the sequence are matched in contrast, i.e. when m 0 = m 1 . Here motion contrast is maximised. More generally, motion contrast (4) show that this sequence can be thought of (i) as the sum of two counterphase gratings with contrasts m 0 (shaded boxes) and m 1 (open boxes) or (ii) as the sum of two gratings drifting in opposite directions, with unequal contrast. Subjects had to report which was the stronger direction of movement.
where L max and L min were the maximum and minimum luminances respectively. The image sequence consisted of two pairs of interleaved counterphasing gratings, sampled four times per cycle, 90°out of phase with each other in space and time (Fig.  2) . The temporal frequency of modulation was 7.5 Hz, and two cycles of the four-frame sequence were displayed on each trial. Each frame (phase) in the motion sequence was displayed for 33.3 ms. The stimulus size was 512 ×512 pixels, giving a spatial frequency of 1.0 c/deg and field size 4.5°at the viewing distance of 214 cm. Image contrast was smoothly attenuated to 0 along a circular boundary (4.5°diameter) by using a raised cosine profile with a half period of 0.8°.
Observers had to indicate the direction of motion of the stimulus sequence (left or right) in a single-interval binary-choice task with feedback. When m 0 and m 1 had the same sign, the greater motion energy was rightward; when they were of opposite sign it was leftward. This directionality was varied randomly from trial to trial. On each trial the contrast values m 0 and m 1 for the two gratings were randomly selected as 1, 2, 4, 8, 16 or 32%. All 36 possible pairings of m 0 with m 1 were tested equally often -48 trials per observer per condition. A fixation point was provided at the centre of the display, and the observer's head was held in position with a chin and forehead rest. Two observers were tested, one of the authors (NSS) and one experienced but naive volunteer (AJS). Viewing was binocular, with observers using their usual spectacle correction.
Results
The percentage of correct directional responses for the two observers as a function of the contrast ratio m 0 /m 1 is shown in Fig. 3 . It is clear that performance is shown to be a good predictor of direction discrimination performance, irrespective of overall luminance contrast, but opponent energy and flicker energy are not.
Method
Vertical gratings were generated by a PC with custom-written Pascal software, and displayed via a Cambridge Research Systems VSG2/2 8-bit framestore on a gamma-corrected Eizo Flexscan 9060S monitor with a frame (refresh) rate of 60 Hz. Use of two palette chips together gave the system the equivalent of 12-bit luminance resolution; that is, the full 8-bit greyscale was available even at fairly low contrasts. The mean luminance of the display was 70 cd/m 2 , and its linearity was calibrated with a Minolta LS-110 photometer. Contrast on direction discrimination peaked where the ratio of the two grating contrasts was 1 and fell away to chance when the contrast mismatch was about 10:1.
The data from Fig. 3 were replotted as a function of opponent energy, as shown in Fig. 4A . There was no relationship between opponent energy and performance on the direction discrimination task. The data were also plotted as a function of flicker energy, as shown in Fig. 4B and, as with opponent energy, there was no relation between flicker energy and performance.
However, plotting the data against motion contrast (Fig. 4C ) reveals a clear and simple trend of increasing performance with increasing motion contrast. Data from different luminance contrasts (m 0 ) all fell close to a single function. A logistic function fitted to the data in Fig. 4C gave the motion contrast threshold (at 75% correct) as 0.36 for NSS and 0.58 for AJS.
A control experiment
It is possible that the deterioration in performance seen with increasing contrast difference could be explained in terms of masking; the counterphase grating with higher contrast might be masking the one with lower contrast. This masking would have the effect of attenuating the motion signal.
To test this possibility, a 2AFC task was designed requiring discrimination between the main experimental sequence [m 0 , m 1 ] and a sequence where one of the interleaved counterphasing gratings was replaced by a mean luminance field [m 0 , 0]. All the values of [m 0 , m 1 ] used in the main experiment were used here, with the restriction that m 0 \m 1 . If performance in the main experiment was limited by the ability to detect m 1 , masked by m 0 , then performance in this control task should have become difficult when the m 0 /m 1 ratio was high. The results (for observer NSS) revealed that the interval containing a mean luminance field instead of one of the counterphasing gratings could always be identified; performance was correct on all trials. This strongly suggests that masking of one counterphase grating by the other was not an explanation for the results of the main experiment.
Discussion

Di6isi6e normalisation
It has been shown that normalising opponent energy with flicker energy yields a useful measure: motion contrast. Analogous to luminance contrast, motion contrast is a measure of the difference between opposite motion energies, expressed as a proportion of the total energy. It depends only on the relative, not absolute, contrasts of the two stimulus components, and so is able to capture the overall contrast invariance and dependence on contrast ratio shown by human performance in our direction discrimination task (Fig. 3) . To incorporate the motion contrast metric into the Adelson -Bergen (1985) energy model ( Fig. 1 ) two additional features could be included. Firstly, an additive operation on the directional motion energies would give flicker energy F= (E L +E R ), in parallel with the subtractive operation M= (E L −E R ) already present in the model. Access to flicker information (F) seems a logical requirement for any model that would account for the ability to see flicker when motion is absent (M = 0). Secondly, opponent energy could be divided by flicker energy to give motion contrast (Eq. (7)). Divisive normalisation of cortical cell responses was suggested by Sclar, Maunsell and Lennie (1990) and developed in detail by Heeger (1992) in a model for the response properties of simple and complex cells. A cell's response gain is driven down by the pooled responses of all nearby cells, thus ensuring that each cell's gain is set by the input contrast level, rather than by the cell's own response level. The divisive contrast gain control has recently been shown to provide a good model of previously published data on the responses of cortical cells to moving and flickering gratings at different contrast levels (Albrecht & Geisler, 1991; Tolhurst & Heeger, 1997a,b; Simoncelli & Heeger, 1998 
A signal detection model for motion based on cortical physiology
Foley (1994) used divisive normalisation to account for human psychophysical results on contrast masking by stationary gratings, and our results indicate that human motion discrimination may also employ a divisive normalisation operation (Lu & Sperling, 1996) . Since discrimination performance ultimately depends on the variability of the relevant decision variable, we must consider both the mean and variance of responses. There is good evidence that the variance of cell responses in primary visual cortex is proportional to the mean response (Tolhurst, Movshon & Dean, 1983; Geisler & Albrecht, 1997) . Combining this property with the contrast gain control, we can begin to see why performance in our motion task should depend directly on motion contrast.
Following Tolhurst and Heeger (1997a) , let the response of leftward and rightward mechanisms be:
where c L and c R are the contrasts of the left and right drifting components, s is the semi-saturation constant and R max is the maximum response rate (constant). These expressions incorporate the output squaring and gain normalisation proposed by Heeger (1992) . From Geisler and Albrecht (1997) the variances of these responses are
where k is a constant. A key proposition is that the decision variable for reporting direction of motion is the opponent response Dr = r L − r R . If the left and right responses are uncorrelated then the variance of the opponent response is simply the sum of the individual variances:
and so from Eq. (9):
It is evident from Eqs. (12) and (13) 
That is, at higher contrasts, noise in the opponent channel tends towards a constant level, while the signal Dr becomes directly proportional to motion contrast C m . The sign of Dr indicates direction of motion, and with unbiased responding the sign of Dr determines the observer's response. For a given value of motion contrast, the task requires a comparison between two opponent response distributions whose means are Dr (leftward energy stronger) and − Dr (rightward stronger). Therefore discriminability is given by:
and so at higher contrasts d% 2C m R max /k. The value of d% is constant (e.g. d% =D) at threshold, from which we finally derive a predicted motion contrast threshold
Thus for a fixed level of discrimination performance (D), this analysis based on cortical physiology of single cells predicts that performance depends directly on motion contrast and that the motion contrast threshold tends to a constant value, irrespective of overall contrast, as observed in our experiments. We now compare the observed value with some predictions derived from recent studies of cortical physiology and the pooling of information across cells. The threshold value for motion contrast was around 0.5 (9 0.1). This may seem high when compared, for example, with luminance contrast thresholds of 0.01 or less. But of course performance is determined by signal:noise ratio in the relevant domain. Geisler and Albrecht (1997) reported very extensively on the values for k and R max in both cat and monkey cortex. Table 1 shows a summary of their results, where k and R max are expressed as spikes per 200 ms (comparable with our 266 ms observation interval). For an unbiased, singleinterval, binary-choice task, signal detection theory (Green & Swets, 1974) Table 1 (bottom row) reveals that we should expect a motion contrast threshold value of 0.31-0.34 on the basis of typical single cell performance, quite similar the threshold for observer NSS (0.36) but a little lower than the less practised observer AJS (0.58). A motion contrast threshold of 0.36 or more means that motion energy is at least twice as great in one direction as the other when direction can just be discriminated. Conventional contrast thresholds for detecting and discriminating drifting gratings do not reveal this surprising result, because the motion contrast for a drifting grating is always equal to 1, which is above the motion contrast threshold, and so performance is then limited by luminance contrast not motion contrast.
Pooling across cells?
One might think that this similarity between human and single-cell performance must be coincidental, because the human observer could surely pool information across thousands of cells and so perform much better than a typical single cell? In fact, however, a detailed analysis of motion discrimination in the monkey revealed that behavioural performance was strikingly similar to that of single MT cells (Britten, Shadlen, Newsome & Movshon, 1992) . On average, single cell thresholds were about equal to behavioural thresholds (mean ratio 1.19), as if the monkey based its performance on only 1 or 2 cells (Newsome, Shadlen, Zohary, Britten & Movshon, 1995) . However, Newsome et al. show that the monkey may well be pooling information across hundreds or thousands of cells; the insignificant improvement of behavioural performance over single cell performance is explained by the combined effects of: (i) a modest (0.14) correlation between responses of different neurons; and (ii) additional noise at the pooling stage. Signal detection theory shows that the sensitivity obtained from optimal pooling of independent signals can be expressed by:
where d% i is the sensitivity for one of N signals (or cells in this context) and m is an efficiency factor (Green & Swets, 1974; Geisler & Albrecht, 1997) . The number of Table 1 Population statistics for k and R max (Geisler & Albrecht, 1997) cells and efficiency (or noisiness) of pooling are not known, and cell responses are weakly correlated (not quite independent), but Newsome et al.'s study of MT shows very importantly that the monkey's motion discrimination was approximately equivalent to N = 1, m= 1. If this relationship also holds for human motion perception then it offers a great simplification, and implies that pooling (Eq. (16)) becomes transparent: the behavioural threshold should be about equal to the typical single-cell threshold predicted by Eq. (15). This was true for NSS (Table 1 ). The higher threshold for AJS might be due to lack of extensive practice, and could reflect a lower value of efficiency, m B1 (see below). If we further assume for simplicity that all the d% i values are equal (d% i =d% for all i ) then Eq. (16) reduces to
and we see that the product of N and m constitutes a single parameter of the model.
Estimating the saturation and pooling parameters
How well does this model (Eqs. (9) - (14), (16) and (17)) predict the observed psychometric functions of Fig. 4C ? We set k =1.3, R max =5.7 (Table 1 , monkey median values) and allowed s and N · m to be free parameters. Values of d% pool were converted to percent correct for the single-interval task, and a maximum likelihood solution was found for the datasets (n = 36) of NSS and AJS separately (using the Solver routine in Microsoft Excel 5). The fits were fairly good, as shown in Fig. 5 , although both observers' performance fell to chance a little more steeply than the model. The bestfitting value of s was 0.00 for both observers, while N · m was 1.48 for NSS and 0.51 for AJS. Note that when s =0 the model's performance depends on motion contrast, but (like the human data) is invariant with overall luminance contrast. When s \0, model behaviour varied with luminance contrast level, and so did not fit the human data so well.
The values of N · m around 19 0.5 were thus consistent with the idea (above) that pooling is effectively transparent, and with the idea that through lack of practice AJS was less efficient than NSS. The finding that s= 0 is more problematic, however. Taken at face value it means that the motion mechanisms of Eq. (9) show complete saturation in their contrast response to a moving grating; when c R = 0, r L = R max at all contrasts c L . This is not plausible, given the median values of s= 16-32% contrast for cells in primary visual cortex (Geisler & Albrecht, 1997) . However, we note that the semi-saturation contrasts of MT cells are very low and peaked in the range 0-5% contrast (Sclar et al., 1990 ). More work is needed to confirm the value of s psychophysically, and it may be that a more complex model incorporating MT-like behaviour will be needed (Simoncelli & Heeger, 1998; Loffler & Orbach, 1999) . Unlike cells in primary visual cortex (Emerson et al., 1992) , MT cells also show evidence for motion opponency (Snowden, Treue, Erikson & Andersen, 1991) , which may be subtractive in nature (Simoncelli & Heeger, 1998) as required by the model.
Sampling noise?
A small part of the noise in motion contrast might come from the temporal sampling used in the experiments (four frames per cycle of 7.5 Hz drift). The harmonics introduced by this four-phase sampling have frequencies at 7.5.(19 4n) Hz, where n= 1, 2, 3, … Thus the only visually significant harmonics will be at −22.5 and +37.5 Hz where visual sensitivity is at least 20 times lower than at 7.5 Hz (Robson, 1966; Kelly, 1979) . Since the amplitude of these harmonics is also much lower than the 7.5 Hz fundamental, the visual response to them should be about two orders of magnitude lower than to the fundamental. Thus harmonics introduced by sampling are unlikely to be a major factor.
Conclusion
Our analysis shows instead that the known variability of cortical cell responses is sufficient to account for the motion contrast threshold, when incorporated into a motion energy model that includes motion opponency and contrast gain control. When contrast is high enough to justify neglecting s, (or when s = 0, as found here) then the model (Eqs. (9) - (13)) is effectively the Adelson-Bergen model, modified so that its output is proportional to motion contrast, M/F, and the variance of its output is constant. Thus motion contrast is a simple and useful predictor of motion discrimination, even though the mechanism of contrast saturation needs closer examination.
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where:
and
Applying a filter which has even symmetry in both space and time simply scales the input components by the filter's sensitivity, to give an output A(x, y, t):
where S 0 and S 1 are the filter gains for the two input 
These four responses A, A%, B and B% are space-time separable and, following Adelson and Bergen (1985) , they are combined to give directional energy to the right (E R ) and left (E L ):
Opponent motion energy, M, is given by taking the difference of the directional energies:
Inserting Eqs. (A5), (A6), (A7) and (A8) into Eq. (A11) and simplifying, we get:
The two gratings in the experiment had the same spatial frequency and orientation, x 0 = x 1 , and so:
This is the opponent energy for the sum of two quadrature counterphase gratings whose contrasts are m 0 and m 1 . Note that M is constant across time and, when x 0 = x 1 , M is also constant across space. The sign of opponent energy indicates direction of motion but does not yield speed information without some modification (Adelson & Bergen, 1986 ; for more discussion see Bruce, Green & Georgeson, 1996) . From Eq. (A13) we see that the opponent energy, M, increases with the product of the counterphase contrasts, m 0 and m 1 . Thus M would be 1024 times higher when both contrasts were 32% rather than 1%. Discrimination performance, however, did not vary with absolute contrast, and depended only on the ratio m 0 /m 1 . This suggests that some additional process counteracts the square-law increase of energy responses with contrast. From a detailed analysis of cortical cell responses to contrast, Heeger (1992) suggested that a divisive contrast gain control should be incorporated into the energy model. A wide range of physiological data were well explained by his model in which striate cells were inhibited by the pooled response of many neighbouring cells, which had the effect of normalising their response to contrast. A simple way of implementing a form of contrast gain control in the present context is to divide the opponent energy by the total energy, or flicker energy F=E L +E R . We shall refer to this ratio as motion contrast, defined as:
From Eq. (A9) and Eq. (A10), the two directional energies (E L and E R ) are given in terms of the quadrature filter responses (A, A%, B, B%). The flicker energy is therefore given by: 
